National Heritage Areas (NHAs) are an alternative and increasingly popular form of protected area management in the United States. NHAs seek to integrate environmental objectives with community and economic objectives at regional or landscape scales. NHA designations have increased rapidly in the last 20 years, generating a substantial need for evaluative information about (a) how NHAs work; (b) outcomes associated with the NHA process; and (c) the costs and benefits of investing public moneys into the NHA approach. Qualitative evaluation studies recently conducted at three NHAs have identified the importance of understanding network structure and function in the context of evaluating NHA management effectiveness. This article extends these case studies by examining quantitative network data from each of the sites. The authors analyze these data using both a descriptive approach and a statistically more robust approach known as exponential random graph modeling. Study findings indicate the presence of transitive structures and the absence of three-cycle structures in each of these networks. This suggests that these networks are relatively ''open,'' which may be desirable, given the uncertainty of the environments in which they operate. These findings also suggest, at least at the sites reported here, that the NHA approach may be an effective way to activate and develop networks of intersectoral organizational partners. Finally, this study demonstrates the utility of using quantitative network analysis to better understand the effectiveness of protected area management models that rely on partnership networks to achieve their intended outcomes.
Introduction
National Heritage Areas (NHAs) are an alternative and increasingly popular form of protected area management in the United States (Barrett 2003; Eugster 2003) . NHAs differ from more conventional National Park Service (NPS) units in at least two important ways. First, NHAs seek to integrate environmental objectives with community and economic objectives at regional or landscape scales (National Park System Advisory Board 2006; U.S. Senate Committee on Energy and Natural Resources 2003). Second, management of NHAs is conducted through partnership structures, usually a federally authorized commission or nonprofit organization, where the NPS participates as a partner in the planning and implementation process. NHAs are mosaics of landownership patterns and often include urban, suburban, and rural communities. NHA designation does not involve any changes in federal or other landownership. Instead, the NPS provides funding and a range of technical assistance to support NHA management.
At the time of this writing, 49 NHAs have been designated by the U.S. Congress since 1984 and numerous proposed areas now await legislative action, making this one of the fastest growing program areas involving the NPS. This rapid growth in NHA designations has generated a substantial need for evaluative information about how they work, outcomes associated with the NHA process, as well as the costs and benefits of investing public moneys into the NHA approach. For example, the National Park System Advisory Board's 2006 report on NHAs concluded that there is need to ''Invest in research on NHAs to better understand the process of collaborative conservation and partnership networks, and to better evaluate the outcomes of designation and partnership on resource conservation and community and economic development over time'' (National Park System Advisory Board, p. 25).
Recent qualitative studies of the Blackstone River Valley National Heritage Corridor in Massachusetts and Rhode Island (BLAC), the Delaware & Lehigh National Heritage Corridor in Pennsylvania (DELE), and the Cane River National Heritage Area in Louisiana (CANE) have identified the importance of understanding network structure and function in the context of evaluating NHA management effectiveness (Tuxill et al. 2008; Copping et al. 2006; Tuxill et al. 2005) . These studies were designed to develop an NHA program theory model, which represents how NHAs are expected to work (Yampolskaya et al. 2004; Crew and Anderson 2003; Leeuw 2003; Donaldson and Gooler 2002; Turnbull 2002; Weitzman et al. 2002; Bickman 2000; Weiss 1998 ). The NHA program theory model (Figure 1 ) outlines the basic programmatic assumptions that drive the NHA process (Tuxill et al. 2005) . The model's entry point is the component referred to as ''program inputs.'' These are the starting ingredients generally associated with NHAs at their time of designation. The model then identifies five linked implementation components: ''national heritage,'' ''collaborative framework,'' ''NPS connections,'' ''building a network,'' and ''a sustainable network system.'' These components represent how NHAs are expected to achieve their goals and objectives:
NHAs assume that the notion of national heritage can serve as an organizing concept for regional or landscape-scale stewardship activities. Through a heritage-based agenda, NHAs can provide a collaborative framework for partnership building across organizations in different sectors (e.g., business, environmental). These partnership-building activities are enhanced because NHAs are associated with NPS. This association creates a ''branding effect'' because of NPS' stature as the leading federal agency responsible for the stewardship of America's heritage stories. This creates an added incentive for organizations to join the NHA partnership. Through this process, NHAs build intersectoral networks of partners. If sustained over time, these NHA partner networks are the primary instrument through which NHAs achieve their long-term goals and objectives.
The model underscores the central role that networks play in the delivery of NHA goals and objectives. Moreover, researchers noted that the qualitative study data were striking in their orientation toward network theory and dynamics, and that, more generally, NHAs depend on networks to achieve short-term goals and long-term outcomes (National Park System Advisory Board 2006). Finally, a recent NPS report that synthesized the evaluation research findings from the qualitative BLAC, DELE, and CANE studies reinforced the importance of understanding network structure and dynamics as it relates to NHA implementation and management (Jewiss et al. 2008 ).
Measures of network structure have yet to be directly linked with NHA effectiveness or performance and network analysis has only recently been used as a program or policy evaluation tool (Sandström and Carlsson 2008; Durland and Fredericks 2005; Eisingerich et al. 2005) . This article extends previous evaluation research on NHAs by operationalizing network variables identified in the BLAC, DELE, and CANE qualitative studies, thereby exploring ways to link NHA network structure with network effectiveness or performance. We use quantitative network analysis to measure commonly reported descriptive statistics about network structure (e.g., network size, density, and several measures of centrality) as well as a more statistically robust approach known as exponential random graph modeling to data collected at these sites. Through this analysis, we introduce and explore the utility of structural network measures as potential NHA progress indicators or measures of effectiveness. We conclude by arguing for a network-centric research agenda as part of a broader NHA evaluation strategy.
Theoretical Context: Network Analysis and Evaluation
Although quantitative network analysis has been used for nearly 60 years, its direct application in program and policy evaluation is rather new. For example, Durland and Fredericks (2005) note that network analysis has yet to be ''fully explored'' in a program and policy evaluation context (p. 10). Nonetheless, the role of networks in program and policy implementation has long been recognized in the public policy administration literature (e.g., Provan and Milward 2001; Jones et al. 1997; Nohria and Eccles 1992; Lawless and Moore 1989; Milward and Wamsley 1985) , and three early studies are relevant to this article. Mandell (1984) applied a structural approach in an implementation study of the Century Freeway Project (CFP) in Los Angeles, California. She examined how interorganizational networks affect managerial success in implementing a complex public project and assessed the utility of structural methods as a tool for improving management. Mandell concludes that application of network theory and analysis can improve management efficacy by clarifying the dynamics of the relationships that are inherent in network-based systems.
In a similar study, Wiewel and Hunter (1985) applied a structural approach to study organizational genesis in an interorganizational network. This article suggested ways in which existing organizational actors serve as resources for the creation of new, similar organizations, and how this process may increase the level of resources available from the wider environment. The study also suggested that the absence of similar organizations may hinder or inhibit organizational genesis. Wiewel and Hunter conclude that structural approaches explain why ''growth rates might be low in organizational populations at very low densities and why growth rates might increase as densities increase'' (p. 493). Finally, Provan and Milward (1995, 2001 ) explored methodological issues associated with evaluating network effectiveness for the delivery of public sector goods. They identified a number of challenges associated with evaluating network effectiveness that arise from the diversity of stakeholder interests inherent in network environments. Therefore, Provan and Milward argue, network effectiveness must be analyzed at the ''community, network, and organization/participant levels of analysis'' (p. 422).
The role of networks continues to attract much attention in the public administration literature as government agencies increasingly deliver services through assemblages of public-private partnerships, what Goldsmith and Eggers (2004) describe as Governing by Network (e.g., Bogason and Musso 2006; De Rynck and Voets 2006; Fischer 2006; Musso et al. 2006; Sørensen 2006; Stoker 2006; Derney et al. 2005; Hudson 2004; Krebs and Holley 2004; Koontz et al. 2004; Hajer and Wagenaar 2003; O'Toole, 1997) . However, only a handful of empirical studies have operationalized network variables for the study of regional program or policy initiatives such as NHAs. In one study, Fürst et al. (2001) explored the governance of regional economic development actor networks in the Hannover region of Germany. They suggest that centrality, social circles (or cliques), betweenness, involvement in a particular issue (i.e., the density of relations between actors with similar interests), and the variety of voluntary organizations are key variables for measuring the amount of social capital within a given network.
Two recent studies conducted by Eisingerich et al. (2005) and Sandström and Carlsson (2008) have focused on the relationship between network structure and network performance in interorganizational settings. Eisingerich et al. (2005) probe why some clusters (or networks) of business organizations are able to sustain their success over time while others do not. They compared Canadian and Austrian networks in industries such as automotive, biotechnology, chemicals, information, and technology. Through this analysis, Eisingerich et al. (2005) concluded that:
1. Increased network linkage intensity will be associated with increased levels of within-cluster trust and overall cluster performance (p. 22). 2. Increased openness of network linkages will be associated with increased cluster flexibility and overall cluster performance (p. 24). 3. The positive effects of network openness on cluster performance tend to increase as environments become more uncertain over time (p. 29). 4. The positive effects of network intensity on cluster performance tend to decrease as environments become more uncertain over time.
In other words, networks that can balance intensity and openness, and demonstrate the ability to adjust this over time in response to changing conditions, are more likely to be successful (Eisingerich et al. 2005, 30) . This research has also been echoed by a recent study that emphasized ''the crucial role of social networks whereby investors, educators, entrepreneurs, professionals and so forth become interconnected through . . . relationships that help to create synergies essential to the development of a successful [economic development strategy]'' (Ventriss and Gurdon 2006, 38) . Sandström and Carlsson (2008) analyzed the relationship between network structure and performance in networks associated with higher education, economic development, and natural resource management institutions in Sweden. The findings of Sandström and Carlsson are consistent with the intensity-openness framework offered by Eisingerich et al. (2005) . For example, Sandström and Carlsson demonstrate a positive relationship between the level of network closure (what Eisingerich et al. 2005 refer to as intensity) and network efficiency, while also showing that the level of network heterogeneity (i.e., openness) is positively correlated with the ability for a network to mobilize resources in response to challenges or opportunities. The work of Eisingerich et al. and Sandström and Carlsson is important, because it moves network analysis beyond descriptive measures of network structure into a more evaluative context by offering a framework for understanding the relationship between network structure and network performance. It thus provides a theoretical context with which to begin to interpret the ''health'' or efficacy of structural dynamics associated with NHA networks. In this article, we attempt to understand the relationship between NHA network structure and effectiveness, building on the emerging application of network analysis in the evaluation and public administration literature, as well as the theoretical context offered by Eisingerich et al. and Sandström and Carlsson.
Data and Method
Between 2004 and 2007, BLAC, DELE, and CANE managers volunteered their sites as case studies to test the program theory model (Figure 1 ). The emergence of networks as the key implementation variable associated with NHA success in the qualitative component of these case studies suggests that quantitative network analysis is an important and appropriate evaluative tool for understanding NHA effectiveness or performance. As a result, the BLAC, DELE, and CANE case studies were expanded to include quantitative network analyses at each site. Table 1 summarizes basic descriptive information about the BLAC, DELE, and CANE study location At each site, the NHA manager was asked to identify the universe of partner organizations, which generated lists of NHA partners associated with BLAC, DELE, and CANE. Once these lists were developed, key informant methodology was used (Kumar et al. 1993) ; one member from each NHA partner organization was contacted by NHA staff through e-mail to introduce the study and request participation. This initial e-mail contact was followed by a phone contact from the researcher to inquire about willingness to participate in the study and schedule a time to administer the survey. Each study participant was read the appropriate list of NHA partners (e.g., members of the BLAC network were read only the list of BLAC partners) and asked to identify the organizations with which they were currently connected. This method of data collection is commonly used in quantitative network analysis (e.g., Sandström and Carlsson 2008) . The sample sizes (and response rates) for the sites were BLAC ¼ 44 (55%); 2 DELE ¼ 60 (90%); and CRNHA ¼ 44 (83%).
Data were coded to generate three binary matrices of relational or network data. Each pair of partner organizations is a unit of analysis, with the value 1 indicating a tie between them and the value 0 indicating the absence of a tie (see the Methodological Appendix for more details). The data are directional, so it is possible to have a tie from organization i to j but not from organization j to i. Each organization was also coded to reflect the key informant's perception of what sector their organization represented (environment; government; historic preservation; education; business; and other). To illustrate the utility of quantitative network data for the study of NHAs, we analyze our matrices in three ways (see Hanneman and Riddle 2005 for a good introduction to network analysis). First, we draw on a popular visual approach to displaying network data available in the widely used software package, NETDRAW. NETDRAW locates each node (organizations in our case) of the network in a two-dimensional space using what is called a spring embedding algorithm. This algorithm uses an iterative fitting procedure, in which nodes are located in the space in a way that best reproduces the distances between them. Distance in this context refers to ''geodesic distance,'' which is the number of steps it takes to get from one node in the network to another via the shortest path of connections. The size of each node in the diagram represents its ''betweenness centrality.'' Betweenness centrality measures the importance of the actor in the network, in the sense that actors who link other actors together (are between them) are thought to have greater influence (Borgatti 1995 (Borgatti , 2005 Freeman 1979 ).
Second, we compute a number of commonly used descriptive network statistics for each of our NHAs: size, density, mean out-degree, and standard deviation of out-degree. Size is simply the number of actors in the network. Density is the number of ties divided by the total possible number of ties (number of nodes squared minus the number of nodes). The out-degree of an actor is the number of relations from that actor to another actor. 3 Third, we fit a common Exponential Random Graph Model (ERGM) to each of our network matrices using the SIENA software package ). This approach can be thought of as a logistic regression, in which the dependent variable is the presence or absence of a tie, while the independent variables are of two types: characteristics of the network and characteristics of the actors. The network characteristics of interest include the number of reciprocal ties, in two-stars, out two-stars, twopaths, three-cycles, and transitive triplets. The types of relations captured by these measures are considered fundamental in the social network literature and they are displayed in Figure 3 . From a technical, statistical point of view they represent ''sufficient statistics'' in the context of the specific type of ERGM we use the Markov Random Graph Model. This means that these statistics summarize everything that the data can tell us about our model.
A reciprocal relation is a mutual tie. It is an indicator of cohesion, trust, or social capital based on a dyadic (two-person) relationship (Hanneman and Riddle 2005, chap. 8) . The remaining measures have to do with three actors taken at a time (triads). One of the founding fathers of sociology, Georg Simmel, noted that triads can give rise to all kinds of interactions not possible with dyads, for example, alliances and mediation. He also argued that such relations are more likely than dyads to develop a structure independent of the particular individuals in it. An in two-star means that an actor is the recipient of relations from two unrelated actors, while an out two-star signifies outgoing relations from an actor to two unrelated actors. The former can be thought of as a measure of the extent of popular actors in the network. The latter has to do with the expansiveness of the network, in the sense of featuring actors who have a tendency to form ties with more than one individual. A three cycle is a generalized form of reciprocity, indicating a lack of hierarchy in a network and a transitive triplet is a three-way relationship in which one actor is not the recipient of a relation. A two path (sometimes called a mixed star) represents an important precondition for the existence of three cycles and transitive relations.
Our only actor characteristic is the type of organization represented by the actor. Actor characteristics are computed simply by noting whether both actors in a pair are in the same type of organization.
EGRMs represent a recent and major advance in the quantitative analysis of network data, in that they allow specific models to be fit to network matrices. In the past, analyses of such data have been dominated by visual displays and a variety of descriptive measures. Moreover, the SIENA software estimates the parameters of the models and their standard errors using an approach that takes into account the large degree of dependence in network data. Unlike in traditional statistical analyses, the units in network analysis (the relations) cannot be assumed to be independent of each other. Specifically, Markov chain Monte Carlo methods are used to estimate the parameters of this model in SIENA (see Snijders 2002 and the Methodological Appendix for more details). 
Results
In Table 2 , we provide information on the different types of organizations found in our networks. Mostly likely as a result of its cultural focus, CANE features fewer business and environmental actors than the other two sites and a greater frequency of educational organizations. BLAC, with its federal rather than state government focus has fewer governmental organizations than DELE and CANE. Figure 4 displays NETDRAW diagrams for each of our NHAs. We have made the diagram for DELE slightly larger than the other two because its network has about one third more actors. Rendering them the same size would make DELE appear to have a higher density than it actually does. All three networks exhibit extensive structuration. One can see from these diagrams that CANE is the densest network and that the variation in betweenness centrality (captured by the size of the circles) is smaller in CANE. In addition, CANE is the only network exhibiting an actor with no ties at all. Table 3 provides basic network descriptive statistics for our three NHAs. Because each NHA is necessarily tied to all other organizations in its network, it is excluded from these calculations so as not to distort the statistics. DELE is the largest network with some 60 organizations, while BLAC and CANE have 44 and 45, respectively. With nearly 42% of all possible ties realized, CANE is the densest network. The other two NHAs are similar in their densities at 29% and 28%. Network data for natural resource areas such as this are rare, but the limited comparative data that are available suggest that these NHA networks are fairly dense (compare, e.g., Sandström 2008, 161) .
Although the densities of BLAC and DELE are similar, the latter's actors have about four more ties on average. Note, too, that DELE has a quite high standard deviation for in-degrees at 11.082, which is about three actors higher than the standard deviation for out-degrees. The reason for this can be seen in the high degree centralization statistic for in-degrees: 54.668%. The centrality statistics in Table 3 are all scaled on a 0%-100% basis, with 0% indicating that no actor in the network plays a more central role than any other actor and 100% indicating that all ties are through only one ''star'' actor. In the DELE network, relatively few actors seem to be the recipients of many incoming ties. Betweenness centralization, or the extent to which actors serve as important ''bridges'' between other actors, is quite low in all three NHAs. Interestingly, though, CANE had the highest density but the lowest betweenness centralization. Table 4 provides the results from fitting the Markov ERGM to our three network data matrices. The coefficients for in-two-stars and out-two-stars are statistically significant and similar in magnitude at all three sites, indicating a larger presence of ''givers'' and ''receivers'' in each network than would be expected by chance in networks with these densities. 5 However, there is a lower presence of people who fulfill both roles (two paths or mixed stars), especially in BLAC.
At all three sites, there is strong evidence of reciprocity in social relations. For instance, at BLAC, the coefficient of 1.975 means that the odds of observing a reciprocated tie versus a tie that has no implications for reciprocity are exp(1.975) ¼ 7.2 to 1 (see the Methodological Appendix for a further explanation). Although there is evidence of reciprocity at all three sites, its magnitude is significantly lower at CANE than at BLAC and DELE.
There is no evidence of three cycles at any of the sites. Thus, although there is evidence of two-way reciprocity, all sites seem to lack a more generalized form of reciprocity. However, there is evidence of transitivity at each of the NHAs. Transitive relations involve more inequality than three cycles because one actor is a giver only and not a receiver. Interestingly, BLAC displays more transitivity than either of the other sites, though only the difference with DELE is statistically significant.
At all of the NHAs, similar types of organizations are more likely to feature ties with each other than with organizations of different types. This organizational homophily is not strong, however. At BLAC, for instance, the odds of a having a tie with a similar as opposed to a different organization are only 1.256-1. Of interest, though, is the fact that the coefficient for BLAC is three times that for DELE, a difference that is statistically significant. 
Discussion
Social capital refers to features such as networks, norms, and social trust that facilitate coordination and cooperation for mutual benefit (Coleman 1990; Putnam 2000, chap. 1) . Our study data indicate the presence of social capital in each of the three NHAs as measured by network reciprocity and transitivity. In the qualitative studies at each of the NHAs, study participants generally reported the ''building of trust'' and the development of ''mutual understanding'' (Tuxill et al. 2008, chap. 6; Copping et al. 2006, chap. 6; Tuxill et al. 2005, chap. 6 ). Study participants also described the ways in which the NHA provided a ''collaborative framework'' for different, previously unconnected organizations, to begin to interact (Tuxill et al. 2008, chap. 6; Copping et al. 2006, chap. 6; Tuxill et al. 2005, chap. 6 ).
The ''type of NHA partner organization'' analysis (Table 2) offers additional insight into this issue. Although the governmental category represented the highest percentage of organizations at each site, each of these networks exhibit some degree of cross-fertilization across organizational sectors. The findings from these previous qualitative studies suggested that NHAs can help facilitate intersectoral collaboration within their respective networks. Therefore, it is not surprising that each NHA network studied here had relatively high degrees of reciprocity and moderate degrees of transitivity. Attributing the presence of reciprocal and transitive network structures directly to the performance or the effectiveness of the NHAs we studied is difficult because our data were collected at one point in time (i.e., it is possible that reciprocal and transitive ties were extant prior to the establishment of the NHAs). However, when interpreted in the context of the previous qualitative studies (Tuxill et al. 2008, chap. 6; Copping et al. 2006, chap. 6; Tuxill et al. 2005, chap. 6) , the presence of structural features such as reciprocity and transitivity reinforce the notion that NHAs can serve as ''venues for partnerships,'' capable of building and enhancing the social capital among network members. Moreover, Baldassarri and Diani (2007) argue that the presence of reciprocity and transitivity can indicate ''balanced interdependence,'' whereby network substructures are characterized by horizontal, polycentric relations. According to these authors, networks characterized by polycentric structures are ''more likely to depend on diffuse agreements among actors, which is costly, thus reducing effectiveness, but at the same time, they are less likely to be damaged by defections, therefore increasing robustness'' (p. 742).
Analysis of study data also revealed the absence of three-cycle structures in the BLAC, DELE, and CANE networks. Given the similarity between transitive and three-cycle structures, along with previous research suggesting that social circles (i.e., three-cycle structures) are also good measures of social capital (Fürst et al. 2001) , we would expect three-cycle structures to be present in all of the NHA networks. However, since not every NHA actor distributes or receives resources (i.e., money, information, influence, etc.) in the same way, we interpret the presence of transitivity and the absence of three-cycle structures to indicate some structural hierarchy within each of these networks. In other words, despite the strong indications of the presence of social capital, actors are not equal in terms of their relative influence in each of these network systems. This interpretation is further supported by our measures of betweenness and degree centrality (Table 3; Figure 4 ), which gauge the relative influence of each actor within their network (Borgatti 1995 (Borgatti , 2005 Freeman 1979 ).
In terms of degree centrality, it is interesting to note that DELE exhibits higher levels of in-degree centralization (Table 3) . This means that relatively few actors seem to be the recipients of many incoming ties compared to actors in the BLAC and CRNHA networks. Study participants in the DELE qualitative study noted that from their perspective, the DELE region can be thought of as three distinct subregions and that management of the NHA often reflected this construction (Copping et al. 2006) . This suggests that DELE may have network ''hubs'' in each of these subregions, serving to coordinate the flow of resources in each region. We were unable to test this interpretation statistically because our network data do not contain information about the geographic location of each actor. This line of inquiry is promising, particularly for NHAs that span large regions with distinct subregions.
Like many regional or landscape-scale planning initiatives, NHAs tend to be characterized by highly dynamic and unpredictable environments. For example, CANE served as a relocation site for nearly 400 families evacuated from hurricane Katrina. This created an immediate yet unanticipated need for additional housing, putting increased pressure on a cultural landscape already threatened by sprawl. Similarly, in 2004 and 2005, DELE experienced some of the worst flooding in that region's history, which, in one instance, required a multimillion dollar clean-up and restoration effort. This occurred at a time when some of DELE's key state governmental partners were already under pressure to reduce their maintenance costs for managing key historic sites associated with DELE. The point is that the NHA environment is highly unpredictable and NHA managers are often faced with unanticipated challenges and opportunities. According to Eisingerich et al. (2005) and Sandström and Carlsson (2008) , networks situated in unpredictable environments that generally exhibit more openness or heterogeneity are likely to perform better, be more effective, and ultimately more sustainable over time than those characterized by high degrees of tie intensity or closure. Our analysis indicates the presence of social capital as measured by reciprocity, which can lead to closed network structures such as cliques (Table 3 ; Fürst et al. 2001 ). However, we interpret the presence of transitive structures and the absence of three-cycle structures to suggest that our networks are relatively ''open,'' which may be desirable, given the uncertainty of the environments in which they operate (Eisingerich et al. 2005; Sandström and Carlsson 2008) .
The difference between transitive and three-cycle structures is important for NHAs. Transitivity occurs when actor A forms an out-star with actors B and C, and C is a receiver of a tie from A. Three cycles, by contrast, are structures where A gives to B, B gives to C, and C in turn gives to A (see Figure 3 ). Transitive structures, in a certain sense, may be more open than three-cycle structures because they indicate the presence of actors who are serving as facilitators for the development of ties between previously unconnected actors. In addition, all three of the networks studied here exhibit further potential for transitive substructures because of the presence of in-two star and out-two star structures (Table 4) .
Although transitive structures may ultimately be desirable for NHA resilience or robustness, the notion of balanced interdependence developed by Baldassarri and Diani (2007) suggests that NHA networks face trade-offs in facilitating substructures between actors that promote effectiveness (hierarchical relations) with substructures that promote robustness (polycentric relations). This discussion does raise the larger issue of understanding and measuring network ''health'' and the relationship between network structure and network effectiveness or performance. Consensus in the network literature about specific measures of network health has yet to emerge. However, the theoretical context offered by Baldassarri and Diani (2007) , Eisingerich et al. (2005) , Fürst et al. 2001, and Sandström and Carlsson (2008) suggest that measures of transitivity may be good indicators of network ''openness'' and therefore offer insight into and NHA's network health and robustness at a particular moment in time.
Conclusion
This study sheds light on a critical element of the NHA process, namely, the ability of NHAs to engage, activate, and manage networks of intersectoral organizational partners. Study data reported here are encouraging because they indicate many of the structures associated with the presence of social capital among network actors. In addition, the BLAC, DELE, and CANE networks each exhibited transitive network structures, which may be desirable in terms of their openness versus intensity balance (Eisingerich et al. 2005; Sandström and Carlsson 2008) . When interpreted in the context of previous qualitative research on NHAs (Tuxill et al. 2008; Copping et al. 2006; Tuxill et al. 2005) , this suggests that the NHA approach can be an effective regional or landscape-scale strategy for engaging diverse partners toward heritage stewardship and development goals.
This study also demonstrates the potential for using quantitative network analysis as one potential measure of NHA of effectiveness. To illustrate this approach, we have applied several descriptive measures of NHA network structure as well as a statistically more powerful approach known as ERGM. Better understanding of NHA network structural dynamics is essential for evaluating NHA effectiveness because, as illustrated in Figure 1 , networks are the primary instrument through which NHAs deliver their goals and objectives. This is especially important because as McDavid and Hawthorn (2006) note, there is ''currently no accountability model'' that adequately covers the increasing reliance on networks to implement programs and deliver services (p. 367). Network analysis, as demonstrated here, offers managers and policy makers a quantitative way to begin to understand, measure, and monitor key aspects of NHA effectiveness in terms congruent with their implementation. As Ventriss and Gordon (2006, 46) have noted, such an analysis can help the decision maker in understanding ''the rich networks of institutions [that] will become essential in mobilizing the intersectoral actors in implementing policy goals.'' Although study findings reported here offer insight into the structure of the BLAC, DELE, and CANE networks at a specific moment in time, sitespecific time-series network data would help answer the next generation of questions related to NHA implementation and effectiveness. Timeseries data would allow one to ask key questions about network evolution over time and begin to correlate changes in network dynamics with NHA output and outcomes. Ultimately, time series data would help determine the degree to which particular NHA activities affect NHA network structure, while providing a measurable way for understanding NHA effectiveness that accounts for the network dynamics inherent in the NHA approach. Each non-diagonal element in the adjacency matrix is a case in the data set and the dependent variable indicates whether a tie is present (1 if it is, 0 otherwise). The independent variables are the difference statistics (see Table A2 ) and any necessary dummy variables to indicate actor type. The independent variable defined in equation 8 is such a dummy variable that takes on the value 1 when the two organizations referred to by Y ij are of the same type and 0 otherwise. Estimation was carried out using the SIENA software program ) that computes a Markov Chain Monte Carlo approximation to the maximum likelihood estimate (Snijders 2002) . To improve the estimability of these models, we follow the advice of Snijders et al. (2006) and condition on the observed density, rather than estimate it as a parameter. See Robins et al. (2007) and Knoke and Yang (2008) for more comprehensive didactic introductions to EGRMs. P ij denotes the probability of observing a tie, and Y ij denotes an element in the basic data matrix, Y, a binary matrix called the adjacency matrix. In our analysis, ties are directional, which means that i may be tied to j but not necessarily vice versa. Thus, Y ij takes on the value 1 if there is a tie from organization i to organization j (i < j), 1 if there is a tie from organization j to organization i (i > j), and the value 0 if there is no tie. All Y ij (i ¼ j) are excluded from the analysis. What are these independent variables? Because the unit of analysis is a particular tie and not the entire network, it is not immediately clear how the independent variables having to do with network properties should be calculated. This is accomplished by the use of something called a ''difference statistic,'' which is computed for each element in the matrix. Concretely, for each pair of actors, the difference statistics in equations 2-7 equal the value of the network characteristic when that tie is forced to be present minus the value when it is forced to be absent. How can this be useful? Perhaps, an example would help. Consider the reciprocity characteristic. The difference statistic here for each element in the network matrix is the difference in the number of reciprocal ties when that particular tie is forced to be present minus the number of reciprocal ties when that tie is forced to be absent. In the case of reciprocity, the difference statistics all must be either 1 or 0, because a relation can add at most 1 to the number of reciprocal relations. (For other measures the difference statistic can be larger than 1.) Say when we fit the ERGM to some data the coefficient for reciprocity is .7 and statistically significant. This means that a change of 1 in this statistic leads to a change of .7 in the log-odds of a tie being present or a change of about 2 (exp [.7 ]) in the odds. In this case, we are thus two times more likely to observe a tie when the difference statistic is 1 than we are when the difference statistic is 0. If the coefficients were negative, this would mean we would be less likely to observe a tie when the difference statistic was 1 versus when it was 0. A difference statistic of 1 means that the tie is either reciprocated or would be reciprocated if it were there. A difference statistic of 0 means that that tie is not reciprocated nor would it be if it were there. So, a positive coefficient means that you are more likely to see reciprocated ties than ties that have nothing to do with reciprocity. A negative coefficient means that you are more likely to see POTEN-TIAL reciprocated ties than ties that have nothing to do with reciprocity. A statistically insignificant coefficient means that you are just as likely to see ties that have implications for reciprocity as you are to see ties that do not have implications for reciprocity. So, in sum, a statistically significant coefficient means that either there is reciprocity in the data or there is potential for reciprocity in the data. Difference statistics that can be larger than 1, such as for transitivity, are a little more complicated to interpret, but a significant coefficient still says that there is either transitivity in the data (þ) or the potential for transitivity (À). The coefficient in this case would tell you how much the log odds of a tie increased in response to a one-unit increase in the transitivity difference statistic. A simple, illustrative data set with three nodes is given in Figure A1 and Table A1 .
